Abstract-We propose a novel problem formulation for the solution of the nonlinear least squares appearing in the static calibration of the parameters of an industrial robot with rotational joints. A further contribution of the presented work is the use of an extended forward kinematic model incorporating both geometric and nongeometric parameters. These novelties facilitate the use of industrial robots as measurement systems. Both the automobile and the general industry are interested in the use of highly accurate robots that can be deployed as measurement instruments, e.g. for noticing incorrectly welded points early in the production process. Instead of absolute measurement data, we make use of relative measurement data by means of a camera attached to the robot flange. In tests based on data generated from simulation of a real experimental setup, we obtain after calibration absolute accuracies better than 100 m. This work lays the foundations for a cost-minimal and effective realization of a robot as a measurement instrument.
I. INTRODUCTION
This paper describes the results of a feasibility study conducted on achieving absolute positioning accuracy through static calibration without the use of an external measurement system. We present a novel problem formulation for the occurring positioning deviations avoiding two disadvantages inherent to the existing approaches: (1) a difficult, timeconsuming, and cost-intensive determination of the robot base, and (2) the use of the internal robot error model.
Absolutely accurate manipulators can be installed as measurement tools, e.g. in the area of mounting and spot-welding of bodywork. The capturing of welded points by such control robots represents an important area of application. Recently an even higher tendency towards the replacement of machines and special tools by industrial robots can be observed. An absolute measurement system means greater productivity. Robot calibration offers a significant opportunity to improve the positioning accuracy. To the best of our knowledge, there exists currently no experimental setup that facilitates the use of an industrial robot as a measurement instrument without the requirement of an external measurement system.
II. RELATED WORK
Existing calibration techniques, no matter how sophisticated, make use of external measurement systems. The most common approach is to make use of a laser tracker that measures the position and orientation of the end effector w.r.t. the robot base [1] . † The metrology equipment is essential as it also determines the problem formulation for the parameter identification of the robot. The parameter identification method is essential for retrieving the errors in the parameters. Usually, the objective function is defined as the error between the pose x model predicted by the internal model and the real pose x m determined by using external measurement devices:
where n m stands for the number of used different joint configurations. q j is the joint configuration and the set of identification parameters.
Wiest [2] presents a 6D calibration method that requires an external measurement system. Other necessary measurements are performed by means of a camera system attached to the robot flange. The external measurement system determines the position and orientation of an immobile calibration object w.r.t. the world frame.
A different experimental setup is proposed in [1] , [3] . The measurement tool is attached to the flange, and measures the positioning deviations in the x-, y-, and z-direction. The parameters of the kinematic model are identified by using an external measurement system. The position of the calibration object is calculated by the internal robot error model.
Ji et al. [4] make use of a coordinate measure machine for the robot calibration. Additionally, only geometric parameters are identified. It is stated, however, that in order to achieve better accuracy, nongeometric parameters need to be calibrated, too. Gathar et al. [5] suggest a methodology based on a laser attached to the end effector; their approach, however, also incorporates only the geometric parameters.
The goal of this work is to provide a given robot with a self-calibration ability. Note that an extended forward kinematic model incorporating both geometric and elastic effects is used for the parameter identification. We introduced this model in [6] .
III. PARAMETER IDENTIFICATION
The problem formulation has a great impact on the results of the calibration and depends on the experimental setup.
A. Novel Problem Formulation
Existing approaches make use of an external measurement system in order to determine the robot base. A highly accurate determination of the robot base, however, is not feasible.
1) Experimental Setup:
We propose an experimental setup consisting of an industrial robot and several calibration objects (Fig. 1) . The only measurement system is a camera mounted on the robot flange. The robot executes various motions based on different joint configurations. In each joint configuration, the camera records an image of a block of points. Under the circumstance that at least 3 points not lying on a common line are measured within the same image, the orientation of the image frame w.r.t. the camera frame can be calculated. In some cases, this information is indispensable. Therefore, it is crucial that the camera measurements are reliable and accurate. Depending on the visual range of the attached camera, it may be possible to determine the position of points on every side of the calibration object w.r.t. the fixed internal frame. It may be also possible to generate this information by means of a reliable and accurate data sheet for the technical specification of the calibration object.
Depending on the size and geometry of the robot, and the number of geometric and nongeometric parameters that need to be identified, it may be also necessary to know the position of points on one calibration object w.r.t. positions of points on another calibration object. Depending on the area that is encircled by the calibration objects, the camera field of view may be insufficient for the determination of the connecting vectors. A once performed external measurement may be then required. However, this information can also be provided otherwise. For instance, by using a larger calibration object of a size equal to the area encircled by the smaller calibration objects, we reduce the problem to the subproblem of determining the positions of points w.r.t. the fixed internal frame.
Thus, the necessary measurement data are:
• joint positions, • position of points on the calibration objects w.r.t. the camera frame, • position of points on the calibration objects w.r.t. the internal frame of the objects, and • relative position of points on different calibration objects.
2) Novel Objective Function:
The nonlinear least-squares regression function consists only of relative accurate data; consequently, the position of the end effector or a point on the objects w.r.t. the base frame is not measured. Instead, this information is deduced backwards from comparing two different joint configurations that result in the same end position 1 with minor accuracy deviations. In other words, the accurate absolute position x m j (cf. Section II) is replaced by a calculated end position, x DH,s,e (ν, q k ). The objective function is thus formulated as
The sum of the differences between measured and calculated end positions is modified to the sum of the differences between two calculated end positions where the parameter h stands for a tuple consisting of the joint configurations j and k. This formulation involves the simultaneous consideration of two different joint configurations k and j in three operational coordinates of the above regression function. q j , q k represent the two joint configurations and ν is the set of identification parameters. Depending on the measurement setup, it is possible to look at only one joint configuration, as long as it does not directly result in the same end positions. This is the case only when the camera In the case the end position u DH,s,e (ν, q j ) of point U and the end position v DH,s,e (ν, q j ) of point V lie within the same image, the equations to retrieve these information can be formulated as follows:
cû , cv represent directly the measurement information of the camera. n T c represents the transformation from the flange frame S n into the camera frame S c .
To close the open chain between the points U and V within the same image, the vector connecting these points as well as the orientation of the internal frame of the calibration object w.r.t. the camera frame need to be known. This information can be retrieved by application of the Gram-Schmidt algorithm, unless the recorded image does not contain at least three points that do not lie on the same line. The situation is shown in Fig. 2 : The open chain between the two points on the calibration object w.r.t. the same base frame can be closed either via point U or point V . Assuming the joint configuration q j connects further to point V , then we need to extend (3) to include the connecting vector. Since the position u DH,s,e connects further to point V , the denotation is changed tov DH,s,e con with the subscript con for connecting vector:
where c T o represents the transformation matrix of the camera frame S c into the internal frame S o of the calibration object with the origin U. The vector ov indicates the position of point V w.r.t. the origin of the frame S o resp. to point U. The frame S o needs to be recalculated for every new consideration of points. The position of the points on the calibration objects w.r.t. the origin of the internal frame S o also need to be recalculated since the point chosen for the origin of frame S o changes for every tuple of joint configurations. To summarize, the nonlinear regression function is given by
The points U and V may also lie on two different images on the same side of a calibration object. Then (4) and (5) are modified as follows:
The determination of frame S o and the calculation of the transformation matrix c T o do not differ from the methodology described in Section III-A.2.a. The nonlinear least-squares regression function is similar to (6):
The scenario is visualized in Fig. 3 . c) 3. Case: A tuple of different joint configurations on different sides of the calibration object requires the same approach and the same calculations as in Section III-A.2.b. The scenario is shown in Fig. 4 . End positions lie on different sides of the calibration object (3. Case).
d) 4.
Case: A tuple of points on different calibration objects requires slightly modified computations. The modifications strongly depend on the reference frame chosen for the connecting vector from point U to point V :
• If the reference frame of the connecting vector is the internal frame of the calibration object, then the computations are the same as in Section III-A.2.b and III-A.2.c.
• If the camera frame represents the reference frame of the accurate relative position, both positions of U and V are measured within the same image. This situation would be similar to the one described in Section III-A.2.a. Therefore, Section III-A.2.a can be applied. Such situation, however, is unlikely, unless the camera's field of view suffices for capturing both points within the same image.
• If the robot base frame is the reference frame of the connecting vector, the computations slightly differ:
where cû represents the direct measurement of the position of point U within the camera frame. The connecting vector − → UV is specified w.r.t. the base frame, thus resulting in the nonlinear regression function below:
The scenario is shown in Fig. 5 . As you can see, different tuples of configurations can be selected. Some cases might not support an accurate determination of the geometric and nongeometric parameters. The selection of tuples must be made regarding the size and geometry of the robot, and the set of identification parameters. By considering configurations that result in end positions located not too close to each other, the robot's workspace can be enlarged. The importance of these case differentiations becomes clear in Section VI.
B. Problem Formulation for the Validation
In order to validate the novel problem formulation, we additionally make use of an external measurement system in the simulations, introducing a slightly modified nonlinear regression function. The external measurement system provides the position of the points on the calibration objects w.r.t. the robot base. This is unknown as presented in Section III-A and is deduced by the above equations. An obvious advantage of such setup is the possibility of repeated calibration between the working cycles of the robot once the position of all points to be measured w.r.t. the robot base is known.
The position of point U is computed by:
The analog measured information is represented by u m j . The equation for the parameter identification is similar to (1):
The above problem formulation introduced for the validation can be also referred to as common problem formulation since it represents existing experimental setups.
IV. APPROACH TO THE NUMERICAL SOLUTION
A reliable solution of the nonlinear least squares occurring in the calibration requires both well chosen initial estimates resp. boundaries and an optimal order of identification steps.
A. Initial Estimates and Boundaries
According to [2] , [7] the real positioning deviations cover a quite small range of ± 1 cm at maximum. Therefore, we use as starting values for the standard DH-parameters the nominal values provided by the manufacturer. For all other novel additional parameters such as the distortions or elastic deformations, the starting values are set to zero as these parameters are assumed not to exist in an ideal model. Due to the small occurring positioning deviations, we set neither lower nor upper boundaries on the angular parameters. Rather, it is necessary to set boundaries on the occurring length deviations of the links since the numerical optimization method tends to compensate the positioning deviations by means of length modifications of the links [2] .
B. Sequence of Identification Steps
Simulative tests revealed that reliable results can be retrieved by the following sequence of identification steps:
1) The offsets θ i of the joint zero positions are calibrated in a first step and then used as constants afterwards. 2) The remaining angular parameters α i , s x,i , and s y,i are calibrated in a separate sequence. Their values are used as constants in the subsequent steps.
3) The elastic deformations k x,i , k y,i , and k z,i are determined in the third step. 4) A last step follows for the identification of the length parameters d i , a i . Since the length parameters change only minimally, they are released together with the above pre-calibrated parameters in the last step for identification resp. for re-identification. This simultaneous identification in the last step is possible due to the pre-identification of the angular and the spring parameters prior to this last step. Consequently, there is no danger that runaways are produced by wrong compensation of deviations, e.g. the compensation of deviations in reality caused by the angular parameters by modifying the length parameters. Rather, this issue occurs, if the length parameters are identified separately. The optimization algorithm might be "trapped" at local minimizers.
V. CASE STUDY
The novel problem formulation is applied to the model of a KUKA KR 125/2, an industrial robot with six revolute joints. The robot is visualized through its first three joints; the last three joints are shown as one part, i.e., axes 4, 5, and 6 are combined into the wrist. The experimental setup is shown in [6] .
The robot's workspace contains three calibration objects that are of similar shape as the rectangular 3D surfaces in Section III. To each point on the calibration objects, a tuple (m, n) indicating the row m and the column n is assigned. The mounted camera completes the kinematic chain from the robot base to the measured points on the calibration objects and can be considered as 8 th link connecting the robot and the calibration objects. It yields the position of the points on the calibration objects.
We assume the elastic deformations to be most important in the first three joints, i.e. any elastic deformations caused by the wrist, consisting of joints 4, 5, and 6, are ignored. In total, nine nongeometric and 36 geometric parameters are released for the identification. For the robot specific technical data such as the DH-and the dynamic parameters, crucial practical questions and further details related to the experimental setup see [6] .
VI. NUMERICAL RESULTS

A. Replica of the Real Experimental Setup in Simulations
In order to examine the novel problem formulation, complete measurement data sets for the real experimental setup were generated. The idea is to obtain most realistic results from the simulations in order to facilitate the comparison of simulation and experimental results.
1) Generation of Simulation Data:
The systematical generation of a complete measurement data set is given below: The joint angles are provided by real motion executions on the given robot in rad.
The parameters for the transformation of the flange frame into the camera frame are also provided and assumed to be sufficiently accurate.
Based on accurate position data of three corner points of a side of a calibration object w.r.t. the robot base and the production drawing, the positions of the remaining points on the calibration object are generated. This process is repeated for the other calibration objects.
The robot specific technical data such as the DHparameters and the dynamic parameters are provided by the manufacturer. Various parameter settings can now be tested by modifying the values of the nominal parameters and setting possible occurring changes for the additional model parameters. The used parameter deviations are based on experiences on the approximate changes of the angular and length parameters of a typical KUKA 6-DOF industrial robot with a payload of 125 kg gained by [2] , [7] , [8] .
Based on the above measurement data set, the corresponding position of the points on the calibration objects within the camera frame can be determined.
Let us indicate the accuracies of the provided measurement data and the generated data:
• The joint angles are read reliably to three decimal places.
• The position of the origin of the camera frame w.r.t. the flange frame is indicated in sub-μm accuracy whereas the orientation is given in arcsec.
• The position of the points on the calibration objects is given at the range of ±1e-4 m.
• The generated camera measurements are given at the μm range. .
2) Measurement Noise:
Real time data series such as camera measurements often indicate an additional noise component that is subsequently overlaid. To ensure that the used algorithm is robust enough to produce highly reliable results despite the existence of measurement noise, we conduct our tests both with and without input noise on the camera measurements. We test our approach with normally distributed errors with mean 0, variance σ 2 = 1e − 8 m, and standard deviation σ = 1e − 4 m. The measurement errors lie within the interval [1e-5 m,1e-4 m].
B. Simulation Results
As already indicated, parameter identification for an industrial robot is not performed by simple application of an algorithm. Moreover, an optimal numerical approach is necessary for the solution of the nonlinear least squares. We look at the identification of the extended model DH,s performed with the steps given in Table I. The table shows the parameters released in every step, the function value at the end of every step, and the number of iterations for each step. For more details concerning the created deviations resp. the real parameter values, and the identified parameter values for the distortions and the standard DH parameters we refer the reader to [6] . The visualization of the real and the identified points show that the the geometry of the calibration object is well identified, i.e., the function value is tried to be minimized but the identified points are displaced from the real points about a few centimeters in almost all three dimensions. The results obtained after the identification of the extended model are at least two orders of magnitude worse than the initially created deviations with the DHmodel. The mean distance between the real positions and the positions computed with the DH-model deteriorates from 0.0006588 m to 0.119 m after the identification procedure. The optimization method does not find a solution in the sense of a global minimum; the positioning deviations seem to be compensated by means of length modifications of the links.
An optimal arrangement of steps is however not the only crucial factor for determining the real parameter values. We also need to increase the amount of operational coordinates of the nonlinear least-squares regression function. In total, about 3000 operational coordinates, the amount suggested by [7] for the identification of about 45 parameters, are used. Most important, however, is the incorporation of as many as possible "4. Case"-combinations (cf. Section III-A.2.d), i.e., pairs of points that lie on two different calibration objects.
The achieved accuracies in another run performed with the optimal order of steps and obtained with the common problem formulation are two magnitude of orders better. The results obtained with the novel problem formulation are even slightly better. Equation (8) turns out to be essential, since only by the addition of these pairs of points on different objects it is possible to retrieve accurate results applying the novel problem formulation. Table II indicates the used order of identification steps.
In order to validate the suggested problem formulation for the parameter identification, further tests were conducted with (1) different parameter values, and (2) measurement noise on the camera measurements. The results and the conditions for the termination of the algorithm are described in details in [6] .
VII. DISCUSSION
Both the common and novel problem formulation were able to produce results within a high accuracy range. High Step Norm of residual Iterations
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accuracies were achieved even when measurement noise on the camera measurements was considered. Various sets of positioning deviations were tested; in all cases the identification process was carried out successfully. The end positions on the calibration objects were hit with the desired accuracy in the [1e-5 m,1e-4 m] range. Note that this accuracy range was achieved although the actual positioning deviations prior to the parameter identification lied within the [7e-3 m,2e-2 m] range. Therefore, a drastic improvement of at least two orders of magnitudes were achieved. The results obtained by the common approach were expected to be precise due to the higher amount of information of measurement data input. Moreover the accuracy improvements are particularly remarkable because of the lower amount of information that characterizes the inputs of the novel problem formulation.
By applying the statistical practice of cross-validation, it could be shown that high accuracies are also achieved for joint configurations that were not considered in the calibration [6] . Points that were not considered in the calibration were identified with almost the same accuracy as the calibrated ones. Such investigations facilitate making a statement about the workspace in which sufficiently accurate robot movements can be granted.
A failure of the identification process can be due to various reasons. It does not necessarily indicate too relaxed measurement accuracies. Furthermore, there was no evidence of runaways in the course of iterations in none of the identification runs.
VIII. CONCLUSIONS
This paper presented a completely novel problem formulation facilitating an easier and a more affordable experimental setup. We made use of an extended forward kinematic model encountering for both geometric and nongeometric effects. By means of data generated from simulations of the replicated real experimental setup, the novel problem formulation was extensively tested. The numerical results showed that the novel problem formulation can improve effectively and significantly a manipulator's accuracy without requiring cost-intensive metrology equipment. The errors between the real end positions and the end positions predicted by the standard kinematic DH-model could be decreased by at least two orders of magnitudes after application of the parameter identification with the novel problem formulation. Highly accurate results were obtained also for joint configurations that were not considered in the calibration process. This work lays the foundations for the realization of the deployment of industrial robots as measurement instruments.
